Abstract. This study investigated the Landsat-8 Operational Land Imager (OLI) to determine its suitability for change detection analysis and mapping applications due to its enhanced signal-to-noise ratio (SNR), spectral band configuration, technical superiority, improved system design and high radiometric resolution. Earlier Landsat series had a lower SNR, comparatively smaller radiometric resolution and limitations in spectral band configurations. Pre-classification methods e.g., image differencing; image rationing, vegetation indices and principal components used for change detection analysis do not indicate type of the change due to its limitations. Therefore, better technique of post classification change detection was used on OLI data in the study area which provided information of the type of the change i.e., from-to change detection. This paper evaluated the OLI support vector machines (SVM) classification suitability using data covering four different seasons (i.e., spring, autumn, winter, and summer) after pre-processing and atmospheric correction. After classification, the major change detection results of OLI SVM-classified data for the four seasons were compared to change detection results of six cases: (1) winter to spring; (2) winter to summer; (3) winter to autumn; (4) spring to summer; (5) spring to autumn; and (6) summer to autumn. Seasonal change in the shoreline resulted with the corresponding change in categories. The OLI data classifications were made by applying SVM classifier and due to its improved features, OLI data is found suitable for seasonal land cover classification and post classification change detection analysis.
Introduction
The Landsat-8 Operational Land Imager (OLI) was launched in 2013. Intended to provide timely and high quality visible and infrared data, Landsat-8 includes several new features compared to ALI and Landsat 7, specifically: (1) two sensors (30 m resolution with eight spectral bands) and a Thermal Infrared Scanner (TIRS) (100 m resolution with two thermal bands) [1] ; (2) a new Coastal/Aerosol (CA) band and a Cirrus band; (3) improved technical superiority with more bits (i.e., 12 bits as compared to 8 bits) and an improved signal-tonoise (SNR) performance over ALI and Landsat-7 [2] ; and (4) improved instrument design
Study area, sensors, and its characteristics
This study's main objective was to perform change detection analysis and mapping of the study area ( Figure 1 ). The study area was classified into six distinct classes (i.e., bare soil, built-up area, mixed forest, shrub, deep water and shallow water). Table 1 shows the imaging geometry conditions, sensor altitude, sun azimuth, sun elevation, and scene center latitude and longitude for the Landsat-8 OLI, ALI, and Hyperion satellites. Table 2 shows the band names, wavelengths, center wave length, ground resolution, and swath width of the Landsat-8, ALI and Hyperion bands [73] [74] [75] . Excluded from this study are the OLI panchromatic and cirrus bands, the ALI, and the Hyperion bands. Landsat-8 data covering four seasons (i.e., autumn, summer, spring and winter) were acquired and used for change detection analysis (Table 3) . a. VNIR = visible-infrared, SWIR = short-wave infrared, and TIR = thermal infra-red, CW = center wavelength 
Atmospheric correction of OLI data
OLI data was pre processed by atmospherically correction and conversion to reflectance values [76] [77] [78] . Previous studies used different techniques for pre processing of satellite imagery [79] [80] [81] [82] [83] [84] [85] [86] [87] . This study used FLAASH to perform atmospheric correction of OLI images.
Results and discussion

Support vector machines design
The SVM classifier is used to determine a decision function [42] . Linear SVM is used to separate linearly separable classes. When training data is represented by xi (with n numbers of samples), then yi L « Q UHSUHVHQWV WKH FRUUHVSRQGLQJ FODVVHV VXFK WKDW \ ^í1, +1} Case 1: For two-dimensional data, the spatial function is shown in Equation 1:
where m is a vector used to orient the differentiating/dividing plane and c is a scalar that determines the offset of the discriminating plane. When 
this should satisfy Equation (3) to maximize the classification margin and thus form the optimal hyper plane, L:
Equation (4) 
For a nonlinear case of the dual optimization problem, Equation 5 is used:]
subject to the following constraints: 
Operational land imager support vector machine classifications and change detection analysis
Experimental Setup
The pixel-based supervised classifier (i.e., SVM ) was implemented on OLI data e.g., Figure  2 ) acquired on 22 Oct, 2015 (Autumn), 16 June, 2015 (Summer), 13 April, 2015 (Spring) and 6 December, 2014 (Winter) using the following steps:
Step 1: Identifying and formulating six classes in the study area.
Step Step 3: For the OLI data, using the SVM classifier, the following values were assigned to SDUDPHWHUV NHUQHO SDUDPHWHU JDPPD Ȗ ZDV calculated as inverse of the number of bands, penalty parameter C = 100 maximum value so that all training pixels to be assigned certain class, pyramid parameter = zero value to process imagery at full resolution, and the classification probability threshold = zero to assign entire pixel to certain class. The OLI data were classified ( Figure 2 ) using the SVM classifier for all four seasons (i.e., winter, spring, summer and autumn). Figure 2 (a) to (d) shows the land use/land cover classifications from the Landsat-8 Operational Land Imager (OLI) data for winter (6 December, 2014) , spring (13 April, 2015) , summer (16 June, 2015) , and Autumn (22 October, 2015) made by the SVM classifier. The OLI classified data for the four seasons were used to perform change detection analysis for six cases: (1) winter to spring; (2) winter to summer; (3) winter to autumn; (4) spring to summer; (5) spring to autumn; (6) summer to autumn. 
Change detection from winter to spring (case 1)
The change detection technique was implemented in ENVI and executed on SVM-classified data of Landsat-8 OLI from winter (6 December, 2014) to spring (13 April, 2015) . In the change detection analysis from winter to spring, it is found from the change detection matrix (Table 4) , decrease of spatial extensions of deep water 34.45%, bare soil 15.92%, mixed forest 44.97% and increase of shallow water 141.63 %, shrub 109.75% and built-up area 31.21%. The major shoreline change detection analysis from winter to spring ( Figure 3 ) shows a change of category with a reduction in dam water mapping from deep water to shallow water, deep water to shrub, and deep water to bare soil. These changes are due to shrub increases in spring compared to winter. Similarly, a change of category from bare soil to shrub resulted from shrub increases in spring as compared to winter. A change of category from bare soil to shallow water and shrub to shallow water near the shoreline resulted from an increase in shallow water in the channels in spring as compared to winter. 
Change detection from winter to summer (case 2)
The change detection technique was implemented in ENVI and executed on SVM-classified data of Landsat-8 OLI from winter (6 December, 2014) to summer (16 June, 2015) . In the change detection analysis from winter to summer, it is found from the change detection matrix (Table 5) , decrease of spatial extensions of deep water 30.49%, bare soil 15.04%, built-up area 39.90% and increase of shallow water 187.34 %, shrub 119.12% and mixed forest 20.14%. The major shoreline change detection analysis from winter to summer ( Figure  4 ) shows a change of category with a reduction in dam water mapping from deep water to shallow water, deep water to shrub, deep water to bare soil and deep water to mixed forest. These changes are due to shrub and mixed forest increases in summer compared to winter. Similarly, a change of category from bare soil to shrub and bare soil to mixed forest resulted from shrub and mixed forest increases in summer compared to winter. A change of category from bare soil to shallow water near the shoreline was due to an increase of shallow water in the channels during the summer compared to winter. 
Change detection from winter to autumn (case 3)
The change detection technique was implemented in ENVI and executed on SVM-classified data of Landsat-8 OLI from winter (6 December, 2014) to autumn (22 October, 2015) . In the change detection analysis from winter to autumn, it is found from the change detection matrix (Table 6) , decrease of spatial extensions of mixed forest 6.47%, bare soil 31.32% and increase of shallow water 144.37 %, deep water 12.86%, shrub 113.32% and built-up area 1.23%. The major shoreline change detection analysis ( Figure 5 ) shows category changes with little increase in dam water mapping from bare soil to deep water and from bare soil to shallow water in area near the shoreline. Similarly, category changes from mixed forest to shrub resulted from winter to autumn season. 
Change detection from spring to summer (case 4)
The change detection technique was implemented in ENVI and executed on SVM-classified data of Landsat-8 OLI from spring (13 April, 2015) to summer (16 June, 2015) . In the change detection analysis from spring to summer, it is found from the change detection matrix (Table  7) , decrease of spatial extensions of built-up area 46.92% and increase of shallow water 18.92 %, deep water 6.04%, shrub 4.46%, mixed forest 118.315% and bare soil 1.03%. The major shoreline change detection analysis ( Figure 6 ) shows category changes with very little increase in dam water mapping from bare soil to deep water and from bare soil to shallow water in areas near the shoreline from spring to summer. Similarly, category changes from shrub to bare soil and shrub to shallow water resulted from conversion of shrub to bare soil and shallow water respectively from spring to summer. 
Change detection from spring to autumn (case 5)
The change detection technique was implemented in ENVI and executed on SVM-classified data of Landsat-8 OLI from spring (13 April, 2015) to autumn (22 Oct 2015) . In the change detection analysis from spring to autumn, it is found from the change detection matrix ( shoreline change detection analysis ( Figure 7 ) shows category changes with increases in dam water mapping from shrub to deep water, bare soil to deep water and from shallow water to deep water in areas near the shoreline. These changes were due to a decrease in shrub from spring to autumn. Similarly, a small category change from shrub to bare soil was due to the decrease of shrub from spring to autumn. 
Change detection from summer to autumn (case 6)
The change detection technique was implemented in ENVI and executed on SVM-classified data of Landsat-8 OLI from summer (16 June, 2015) to autumn (22 Oct 2015) . In the change detection analysis from spring to autumn, it is found from the change detection matrix (Table  9) , decrease of spatial extensions of bare soil 19.15%, mixed forest 22.15%, shrub 2,65%, deep water 62.39%, shallow water 14.96% and increase of built-up area 68.44%. The major shoreline change detection analysis ( Figure 8 ) shows a category changes with an increase in dam water mapping from shrub to deep water, bare soil to deep water and from shallow water to deep water in areas near the shoreline. The changes are due to decreases of shrubs and bare soil from summer to autumn. Similarly, category changes from shrub to bare soil, mixed forest to shrub and mixed forest to deep water were the result of conversions of shrub and mixed forest areas to bare soil and shrub/mixed forest areas from summer to autumn. A small change of category from bare soil to shallow water resulted from changes of some bare soil to shallow water near the shoreline from summer to autumn. A change of category from bare soil to deep water resulted from the conversion of bare soil to deep water from summer to autumn near the shoreline. 
Classification accuracy
Classification accuracy was assessed based on the confusion matrix on the OLI data (for the SVM classifier) half the samples were used as test points, resulting in an overall accuracy and kappa coefficient (Tables 10-13 ). The overall accuracy and kappa coefficient for OLI data classifications with SVM were, respectively 94% and 0.94 for winter (Table 10 ), 97% and 0.97 for spring (Table 11) , and 94% and 0.92 for summer (Table 12 ) and 94% and 0.98 for autumn ( 
Summary and conclusions
The results of this study confirmed the potential utility of seasonal satellite based land cover classification of OLI data for all four seasons (i.e., autumn, summer, spring and winter) and post-classification change detection analysis. The OLI data (using SVM classifier) was successfully classified with regard to all six test classes (i.e., bare soil, built-up area, mixed forest, shrub, deep water and shallow water) after pre-processing and atmospheric correction. It is found ( Table 10 -13) that OLI data classifications with SVM resulted higher class discrimination accuracy, overall accuracy (more than 94%) and kappa coefficient and thus suitable for mapping application.
The OLI SVM-classified data for four seasons i.e., winter (6 December, 2014), spring (13 April, 2015) , summer (16 June, 2015) , and autumn (22 Oct 2015) were used for change detection analysis of six cases: (1) winter to spring, (2) winter to summer, (3) winter to autumn, (4) spring to summer, (5) spring to autumn, and (6) summer to autumn. The major shoreline change detection analysis from winter to spring (case 1) resulted in an increase of shrub and the amount of shallow water in channels in spring as compared to winter and shows category changes with a reduction in dam water mapping. The major shoreline change detection analysis from winter to summer (case 2) resulted in increases of shrub, mixed forest categories and shallow water in the channels in summer as compared to winter and show category changes with the reduction in dam water. The major shoreline change detection analysis (case 3) resulted in a decrease of bare soil and mixed forest from winter to autumn and showed category changes with little increase in dam water mapping in areas near the shoreline. The major shoreline change detection analysis (case 4) resulted small change of bare soil due to conversions of shrub to bare soil and shallow water from spring to summer and showed category changes with very little increase in dam water mapping in areas near the shoreline. The major shoreline change detection analysis (case 5) resulted in a decrease of shrub due to conversion of shrub to deep water, bare soil to deep water, shallow water to deep water from spring to autumn and showed category changes with an increase in dam water mapping in areas near the shoreline. The major shoreline change detection analysis (case 6) resulted in a decrease of shrub, mixed forest and bare soil due to conversion of shrub and mixed forest to bare soil from summer to autumn and showed category changes with increases in dam water mapping in areas near the shoreline.
These results confirmed that the new OLI technology, with its superior radiometric performance and improved design, resulted in accurate inland water mapping and suitable for post classification change detection analysis. Remote sensing provides an important method of Earth observation and change detection analysis. The change in dam water reservoir capacity determined from the OLI data due to seasonal change was clearly shown during the water classification. In conclusion, the improved OLI technology is both suitable for post-classification change detection analysis and resulted in accurate mapping of the study area.
The first author is thankful to Dr Tariq Mairaj, Dr Hammad Raza, Dr Salman Atif, Dr Mohammad Salman, Junaid Aziz Khan of NUST and Dr Mohammd Ali Maud of UET Pakistan universities for their help and support.
